Abstract-This paper presents a robust kalman-based localization for outdoor vehicles. Outdoor vehicles require a faulttolerant system that can manage temporary unavailable sensor measurements. The sensor system of the vehicle consists of odometry, inertial measurement unit (IMU) and differential global positioning system (DGPS) receiver. The system allows full 3D localization including position, attitude and velocities. Final experiments showed the localization and navigation capabilities of the outdoor robot RAVON.
I. INTRODUCTION
Outdoor navigation is a great challenge for autonomous robots. Although numerous applications exist in outdoor environments the abilities of mobile robots still lack intelligent navigation. The basis for high level navigation is the robust and adaptable self-localization of the robot. Current enterprises like the Grand Challenge 2005 1 
and the European Land Robot Trial 2006
2 show the progress in outdoor robotics and the worldwide interest in those vehicles.
Outdoor vehicles like RAVON require a 3 dimensional localization system to navigate through rough terrain. Information like height and attitude are of interest for navigation tasks. 2D approaches shown in [1] and [2] do not fit outdoor requirements. Especially in outdoor environments the availability of sensor measurements cannot be guaranteed, e.g. satellite reception can be lost in woodland environments. Tightly coupled localization systems [3] require the availability of specific sensor measurements. This paper presents the realization of a fault-tolerant localization system on the outdoor vehicle RAVON (Robust Autonomous Vehicle for Offroad Navigation). Fault-tolerance in our sense means that the system is able to deal with irregular sensor availabilities and frequencies of measurement. In contrast to [4] we do not reconfigure the sensor system dynamically and simply ignore erroneous sensor measurements. The current sensor equipment as well as the formulation of the filter and the implementation of the localization will be discussed in detail. Fig. 1) is an autonomous four wheeled vehicle built in the Robotics Research Lab at the University of Kaiserslautern. It is equipped with electric power supply, 4 motors and 2 steerable axes. With a length of 2.4 m, a width of 1.4 m and a weight of about 350 kg it can load heavy weights and navigate through rough terrain. The robot is capable of driving up to 3 m/s and of climbing slopes with 100 % inclination. Several sensors including laser scanner, stereo vision cameras, bumpers, inertial navigation system, satellite receiver and encoders enable the vehicle to operate in unstructured environments.
The application scenarios of RAVON include unstructured natural woodland as well as disaster areas e.g. after a heavy earthquake. The robot can be used for transport tasks and exploration where human intervention is dangerous or expensive. Especially in those application scenarios precise information about the robot and its environment are necessary.
The robot is controlled by a fault-tolerant behavior-based control system [5] and [6] which realizes a more reactive approach to navigation in unknown environments.
III. LOCALIZATION
A robust probability-based localization approach has to process the measurements of the sensors and provide an estimation of the unknown system state. The information 1-4244-0259-X/06/$20.00 ©2006 IEEE of these sensors has to be combined to achieve a robust localization system. Our approach can use sensors with any level of precision although precise and reliable sensors are preferred. Especially in outdoor scenarios the availability of sensor measurements cannot be guaranteed. The inertial system cannot determine the direction of gravity when the vehicle is moving. Due to the environmental conditions it could also happen that the measurement of GPS positions is not possible for several minutes. A robust system has to manage those dynamic changes in sensor availability to provide a fail-proof system.
Sensor measurements are not available in every filter cycle due to different cycle times. Some GPS-receiver provide position information with up to 5 Hz and while the inertial system is able to provide sensor measurements with 500 Hz and the filter is updated with about 33 Hz. These effects result in a sensor system where sensor availability is not predictable. Therefore it is necessary to realize a event-based localization system which is robust against sensor failure and able to process the measurements at any point in time.
A. Architecture The DGPS-receiver is connected via the USB-interface (Universal Serial Bus) and the NMEA0183-protocol (National Marine Electronics Association 4 ). The position information is provided in WGS84-format (World Geodetic System 5 ). Orientation information is also calculated by the GPSmodule. Additional sensors can be added to this architecture in a similar manner.
The localization itself uses all sensor information to calculate an estimation of the system state to be used by the control system of the vehicle. The modeling of the kalman filter has great influence on the performance. It is therefore described closer in the following section. 
B. Coordinate Systems
Sensor measurements have to be provided in relation to a Coordinate Systems (CS). The presented localization system will use 3 cartesian CS to convert the different sensor information into a common CS. All CS are right-handed systems uniquely defined by two axis.
GCS The Global Coordinate System is a worldwide CS with the earth center as origin. The z-axis is facing north, the x-axis is facing towards the intersection of equator and prime meridian. WCS The origin as well as the orientation of the Working Coordinate System can be chosen by the user. This CS is defined during the initialization of the vehicle. The vehicle has to drive a few meters to specify the direction of the x-axis. The origin is where the initialization stops and the z-axis is facing upwards, normal to the tangential plane of the WGS84 ellipsoid. LCS The third coordinate system is the Local Coordinate System which is fixed on the vehicle with the x-axis towards front and the z-axis in upward direction.
C. Sensor Equipment
Each available sensor has a specific error characteristic. E.g. global sensor systems like a GPS-receiver have a position error of a few meters while wheel encoders are not longtime stable due to integration errors. Promising results can be achieved when relative and absolute sensors are combined. Generally it is useful to use as many different sensors as possible and fuse their measurements. The sensor equipment of the vehicle RAVON consisting of odometry with wheel and steering encoders, a DGPS-receiver and an IMU is described in the following. Each of these sensors provide a measurement vector z k at some point in time k.
1) Odometry:
The odometry consists of 4 wheel encoders and 2 absolute steering angle encoders. It calculates the measurement vector z k,odo (1) with linear vehicle velocities v x,y,z and angular velocities ω x,y,z from the information of the encoders depending on the current attitude with a cycle time of 10 ms.
2) DGPS: Besides the relative odometry an absolute position is provided by the DGPS-receiver Holux GPSSlim 236. It is able to measure the current position with a precision of 5m Circular Error Probable (CEP) in WGS84-format. Those coordinates must be transferred to the GCS and to the WCS with the position x, y, z. The robot orientation ψ on the tangential plane on earth can be calculated through the difference between 2 positions. Improvements of the orientation can be achieved by comparison with the orientation information from the odometry. This is necessary due to the low data rate of the used GPS-receiver of 1 Hz. Equation (2) shows the measurement vector z k,gps of the GPS sensor.
3) IMU: Inertial measurement units (IMU) have been used on autonomous robots for a long time, see [7] , [8] , [9] . In theory, acceleration forces and angular velocity information provide a perfect way to determine the trajectory of a system with a known initial state of motion. The self-developed IMU used on RAVON provides position and attitude in 3 dimensions. Actually the system acts as 2 different sensors. The IMU provides its data using sensors for angular velocity ω x,y,z and linear acceleration a x,y,z . A component for Inertial Gravity Correction (IGC) provides the orientation towards the earth's surface ϕ, θ by comparison with an estimated gravity vector.
The two measurement vectors are shown in (3) and (4).
IMU Calculations
The following notations are used:
• ω: measured angular velocities • σ: angles from integration of angular velocity • φ: roll-angle around x-axis • θ: pitch-angle around y-axis
The world model shall be an unaccelerated plane surface only interfered by the gravity force. The matrix B w with axis vectors of the body frame from world view, contains the attitude information of the IMU. At this part the common strap-down approach [10] is modified, where the attitude information is only stored in three angle variables. Using this axis matrix B w has the advantage that the attitude is well known and a calculation of angles necessary for an representation by individual rotations can be done if necessary. The matrix however is updated in every calculation step. 
The angle change per time step is deduced by trapezoid integration of the current and last angular velocity measurement. This angle needs to be transformed to the global frame.
Attitude information is updated by multiplication of B w with a rotation tensor. This is possible as this matrix contains the axis vectors of the body frame. These vectors are rotated at this point. The rotation axis represented by the tensor equals the angular rate. The rotation angle is derived as the length of the current angular velocity vector. Only two of three normal vectors (rows in the orientation matrix B w ) are rotated variantly. The third one is calculated by cross product. On one hand this saves calculating time and on the other hand guarantees the rectangularity and normalization of the unit vectors in the transformation matrix.
The matrix which transforms from the local coordinate frame to the global frame is conveniently the attitude representation itself, as shown below. D shall be the initially unknown transformation matrix here.
For sensor fusion and graphical output the attitude needs to be represented by Euler angles. The combined Euler matrix represents three sequential rotations by the angles φ, θ and ψ around the world axis x, y, and z, or the body axis in opposite order (c: cos, s: sin):
The angles can be determined by coefficient comparison from
With knowledge of the orientation, the measured acceleration forces can be translated. By multiplication with the matrix B w , they are mapped to the global frame and are used to continuously integrate the acceleration of the system to get velocity and position. The force of gravity has to be subtracted in every time step. Here we have the largest source of position errors. A wrong attitude causes a wrong difference and an incorrect acceleration vector is processed.
Attitude Heuristic
In order to minimize drift in position and attitude, one possibility is to adjust the attitude with respect to the gravity force. In each calculation step, an attitude information is determined. If the total of the acceleration vector equals the standard gravity force, a first criteria is fulfilled.
If it differs in direction and not in length from the current acceleration vector, a correction of the attitude representation is done by rotating it in order to make the two vectors point in the same direction. The rotation is done respectively to the axis built from the cross product of the two vectors while the rotation angle arises from their different directions.
As a result of the lack of one dimension, only the roll and pitch values can be corrected by this method.
This attitude correction is only heuristic and therefore is only applied if the deviation reaches a certain amount. Additionally the correction is suppressed while the acceleration data is fluctuating. But the acceleration vector might have the same length as the gravity vector in other cases than no motion. Nevertheless, in all experiments the correction helped greatly to improve the overall performance. A more detailed description of the IMU used in this localization approach can be found in [11] .
4) Magnetic field sensor:
A self-built magnetic field sensor extends the sensor equipment of RAVON and is directly connected with the IMU. This sensor is able to determine the absolute orientation ψ of the vehicle if the magnetic field is in good shape.
5) Vision-based localization sensor:
Feature extraction and recognition algorithms become more and more powerful. The recognition of objects and unstructured terrain enables a robot to localize himself by recognizing already known objects. The availability of position information from a sensor based on vision is not predictable at all. It heavily depends on the line of vision which cannot be predicted.
D. Determination of vehicles position and orientation
To realize a fail-safe and robust localization system a linear kalman filter is used. Crucial for the realization of such a system is the implementation of prediction and correction. It is necessary to check for available sensor measurements in every filter cycle and process only available information. Therefore the correction has been split into several parts, each part for a single sensor, which will be shown now. Detailed information of bayesian and especially kalman filtering can be found in [12] and will not be given here. Fig. 3 shows the chronological progression of prediction and correction. It is obvious that not every sensor measurement is available in every cycle so that the shown corrections are not identical.
1) Prediction:
The filter estimates a state vector x k (25) consisting of position x, y, z, attitude ϕ, θ, ψ, velocity v x,y,z , angular velocity ω x,y,z and acceleration a x,y,z which are all referred to the WCS. The system model (26) of the kalman filter is based on the system matrix F k , the previous estimation x k−1 , the noise matrix G k and the system noise 
The system matrix F k is based on the elementary motion equation (27) . The position at any time t can be calculated if start position x 0 , velocity v and acceleration a are known or measured.
Equation (28) shows a part of the system matrix F k for a single dimension. The other 2 dimension extend the presented matrix. 
Linear and angular accelerations are modeled as system noise with the matrix G k (29) and the standard deviations w k (30). These deviations are empirically determined values based on averaged vehicle accelerations.
2) Correction: The modeling of the sensors is based on equation (31). The matrix L k describes the correlation between the measured variables. As each sensor measurement is modeled uncorrelated the matrices are very simple. The matrix L k is in fact the identity matrix for all sensors. The matrix H k has only single entries mapping the measured values to the state vector. The vector v k consists of the standard deviations of the single measurements.
Each sensor has to be modeled independently with assumed standard deviations. These deviations have a major effect on precision and stability of the filter.
Global Positioning System
The GPS receiver provides the measurements from (2) with the standard deviations from equation (32). The presented values are the arithmetic mean of a 30 hour test run. Horizontal Dilution of Precision (HDOP) and Vertical DOP (VDOP) are provided by the GPS-receiver through the NMEA protocol.
Odometry
The odometry calculates the linear and angular velocity of the vehicle depending on the current attitude. The standard deviations are hard to determine and based on several test runs. Additionally it is not possible to calculate the influence of the outdoor terrain like friction and slippery.
Inertial Navigation System The IMU is virtually divided into 2 sensors. The first sensor provides information about angular velocities and accelerations while the second one is able to provide information about the vehicle's attitude. These sensors are virtually separated due to the fact that attitude information is only available when (21) is fulfilled. The standard deviations of the IMU are given in (34) while those for the IGC are given in (35).
IV. EXPERIMENTS IN ROUGH TERRAIN
The localization system has been tested in an outdoor environment with grassland and a few trees. The test course has rectangular size of about 25 m times 30 m and a circle with a radius of about 5 m. Fig. 4 shows a satellite picture of the test course. The filter position (solid) and the GPS measurements (dotted) are plotted on top. The filter position is marked with a dot every 50 s to associate a position to Fig.  5 . Several significant test points, numbered from 1 to 7, can be uniquely identified due to significant obstacles which can be recognized on the satellite picture.
The test course consists of the initialization between point 1 and 2, a clockwise driven circle with the points 2, 3, 4 and 5 and a tetragon with the vertices 6,7,1 and 2. The bend between points 7 and 1 results from a short break where the The maximum deviation from the test points has been about 2 m during several test runs. A long test with 5 sequenced test runs has shown the long time stability and precision. The localization of RAVON did not only concern 2D localization so several other estimated values are of interest. Fig. 5 shows two plots of the filter output.
The upper image shows the height determined by the filter (solid) and the GPS measured height (dotted). Test points 6 and 7 are lying on a hill with a height of 5 m. The lower picture shows the 3 velocities v x,y,z (solid, dashed, dotted) estimated by the filter. The circle results in a sinusoidal velocity development while the short break can be seen from second 120 to 140. These plots show a part of the filter output which allows full 3D localization.
V. CONCLUSION AND OUTLOOK
The presented localization system fulfills the requirements of an autonomous outdoor robot. Its precision of about 2 m is adequate for most applications. It is able to work with different sensors, where the frequency of measurements is neither predictable nor predefined. This feature allows the integration of sensors like magnetic field sensors and visionbased localization sensors. Future improvements in precision can be achieved by shorten calculation intervals and the integration of other sensors. Based on this localization approach future work on the field of high level navigation is possible.
